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Word Spotting (by Example)
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Word Spotting (by Example)
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One-Shot Learning

Single example is all you get (usually)
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Handwriting varies — must generalize to match



One-Shot Learning

Single example is all you get (usually)
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Handwriting varies — must generalize to match

Flexibility is essential — no planar transformations
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Part-Structured Models
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e Used for photographic
object recognition

e Detected parts arranged
in approximate spatial
configuration
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Part-Structured Models

e Used for photographic
object recognition

e Detected parts arranged
in approximate spatial
configuration

e Successful fit identifies
required parts near
expected position



Inkball Models

* Model = Closely spaced inkballs forming curve
e Part = Ball of ink

e Tree structure



Inkball Models

Model = Closely spaced inkballs forming curve

Part = Ball of ink

Tree structure

Connections are
flexible links
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Part-Structured Inkball Models for
One-Shot Handwritten Word Spotting

So, now you know.

...but how do we use these models
for word spotting?



Configurations

e Configuration = 2D position for each ball
e Rest/default configuration derived from example
e Altering configuration modifies shape

Rest Configuration Alternate Configurations



Configuration Energy

e Match of model to image has two terms:

Internal deformation: Observational deformation:
how far from default? how far from ink skeleton?
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Configuration Energy

e Match of model to image has two terms:

Internal deformation: Observational deformation:
how far from default? how far from ink skeleton?
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One-Shot Word Spotting

1. Infer inkball model from word sample

2. Efficiently identify model confiéurations with
low energy in target document
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3. Confirm candidates via reverse match



Efficient Energy Minimization

* Consider simplest case: single-node model @
— Observation deformation is only term in play

— Compute the energy for all possible configurations
Distance to closest ink is just a distance transform
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Efficient Energy Minimization

* Consider simplest case: single-node model @
— Observation deformation is only term in play

— Compute the energy for all possible configurations
Distance to closest ink is just a distance transform
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Target image

Good match




Efficient Energy Minimization

e Slightly harder case: barbell model ®\®
— Still observation terms only (fixed separation)
— Energy is sum of offset distance transforms:
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Efficient Energy Minimization

e Slightly harder case: barbell model ®\®
— Still observation terms only (fixed separation)

— Energy is sum of offset distance transforms:

Offset equals default
separation of nodes
in model




Efficient Energy Minimization

e Slightly harder case: barbell model
— Still observation terms only (fixed separation)
— Energy is sum of offset distance transforms:

Offset equals default
separation of nodes
in model

Energy functional:
Shows energy of model w.r.t.
possible root node placements




Efficient Energy Minimization

* More complication: springy barbell %

— Internal deformation term enters picture

— Use generalized distance transform on offset energy

n

Energy on
grid points

with optimal
observation

/

deformation
tradeoff




(Squared) Distance Transform

e Minimum of upward paraboloids extending
from ink pixels only, rooted at zero

1D Example:
]

Note: Computational complexity grows linearly with number of pixels



Generalized Distance Transform

* Minimum of upward paraboloids at every pixel
but rooted at pixel value

— Still linear complexity in number of pixels
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e |ntuition:

The local value can be beaten by a better one nearby



Efficient Energy Minimization
?
* General case: node + arbitrary structure @z?
— Translate energy of child structure(s) by offset '

— Apply generalized distance transform
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— Add to single-node energy
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Model Matching Visualization

e Demonstration with simple example:

Match model a to image




Model Matching Visualization

Single Node
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Model Matching Visualization
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Model Matching Visualization

F
-
G

Single Node Sum




Model Matching Visualization
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Model Matching Visualization
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Model Matching Visualization
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Model Matching Visualization
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Model Matching Visualization
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Model Matching Visualization
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Model Matching Visualization
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Model Matching Visualization
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Model Matching Visualization
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Model Matching Visualization
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Model Matching Visualization
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Model Matching Visualization
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Model Matching Visualization
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Model Matching Visualization
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Model Matching Visualization




Parallel GDT

e Optimum model fit requires:

— One translation per node
— One GDT per node

 Work scales with number of image pixels

e Fast parallel computation on graphics
processing unit (GPU)




Configuration Recovery

e Energy optimization/model matching is just
big dynamic programming problem

* Trace back DP winner to recover configuration

e Useful for display/localization
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Configuration Recovery

e Energy optimization/model matching is just
big dynamic programming problem

* Trace back DP winner to recover configuration

e Useful for display/localization
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. i -
- - —
Indw, o Q\u.q‘u% Ane Regudie R Tda o u:m\\ﬂ\au\ oo Bea Wiy Yee,
SRt (o oy AoRfucall aro, M wecrd -l spalloas
COAMEY aod Ave ok

S lon éwm% AN el Broanded AR Ledan
RN e \we SO LA Beigan SEo, o e, SRS\ o) e ”Qn\d S
_ SO OMR & AR Wlomelien
Taliday N ' RS Wy odewd
| N Qv Vel ana Bradan Ao dve A, aed

) A s W A s e i
NES W AR Trdian VTN \‘nm‘ *:; Nivg L\n\;:: N =y

“ 3

® 0 Srd o esqie e Lod,
_ W Commeraal and chasll el §
— N wraldn Sog
) “3“"“65.5‘\*'“ s AL NN e
Cotisianiy aed RN ASSedtianiy i‘i{

\\é @ lﬂn\\\ QW\NQB ELNEAYY Gy ' & mﬁ“\l
e el ding calase. e and \\\‘QQ@

on

“‘Q‘Q\Q.Q\\'\ Qs

Note: left/right color scales do not match.

lndia, officially the Republic of ldia, iy a Coumtry i
SOuf‘l«’ F\JZ*. lll‘*

Qa,keﬁre\?k;el rte ‘I‘L& 5 teomd - DYk
'HM os4 Pbt‘«ulc\n‘\

I(;T {'\"\L {“i{‘l\\'\ O(_lﬂv\
ou it Wt omd the

T {'1\!; swmﬂq-lwhqf Cou\.ﬁ-rT 5‘\[{

?OF\a\m C.ou\uﬁmi’ Oumd
Athqocr“‘.ﬂ A world FJOW\&LA
Oun -{'L\g f-nu\-{Jq a'*k" qutinh Sm
Bay of Bous,l
s o casptliag °F F S5 Kilomars |
Palighan, 4o g st o Chie
‘«0"*"'\) ond %mﬂhla
Lidio Ty im tht
Maldivey tw
Civilisagiay, awd

Oy 'H\Q '—“HJ!]»\J{».
t s Lord;rté L

R Nﬂ.fa\\) n.-\c] e&hk\‘*'a\q to ‘H\‘

desh  oud Burma to Hy omeagt

; ound  he
te H,\\ ]uduj Vdn\\[

o (e op Liytscic trade fonaa

V'-(.;n{—pf of C&r'. Law\ko\

L dian Octonn. Howe



Sample Result:

-;.—x%nqr\'\m{ QIR .
-7-_#30 d&mm&% N *

.' .;5*&:?\ ?Qk 0 A

-.\‘\dﬂ. NE ol

eiin- Qo mﬁ\né

COOMEY e e ek 2

QLN e, N

) 1“&?\:“’m o P e Ry 8

PR A ag e coMR o TAR Wloseles &‘\\ium ”

Baelodesy and K;;ﬁ:m'%{'“& BA0n A0 e i, g

o0l e Wedes 1 g T %ﬁ IS S A A ey o S

o e T WY R B Lo,
Wemoan . o s b v ,

) iy \m S S Qeeptey, e, L
YNGR ey Loy Wy \ :sh SRS Ccommerial and sl j‘k&\\ wa‘im
ST, and S\‘Fﬂs m\d e & g, v \\it\%\h&&“\ %&\:{m B
Cnfistaniig aed e Brded DR, N 2 o
\ R SHfane, s
A N S caliute WA Ty ' !

e amd g
Note: left/right color scales do not match.

M\Q\Q_Q\\'\ ey

Jwonq- '-*\U)-\'

g AlMocro\c\i I
O cton oun 4l

¢

ludio, oppic;]
SOu{“]A: Psia
oﬁuﬁre\?k;d ot
the mosd popalil Awn.ocrm(\ﬂ 3
btk ldicn Petan on +hy

ouv Mt Wt ond The

) oa Ulu.tr:; Ve
“S + = lonrd o

Lt stuiarh - | ff Country 5-\!:
uF\a\m Cg\,\“l‘m’ ond
hy “‘"’ftcl . bow\& t.r.]1
-ﬂu\'{*ﬁ’\ '-11\?. Iqﬂra\'nhw\ Se_‘,‘

- | %u? of Bausa) on Hhe e_nHJ!’»\Jiu
s o coptbian op 5oy Kilomests | |+ 1y bocderd &

Palighan, 4o g st o Chie ,Nafa\‘l, ond Bhutay, {0 the
\:l-\odf‘.‘fllv\) O\N\J %A\thadt&\q ound gl,\r‘w\q\ to H'\!. G o
wdiey ] th il \ -
mu-wc: - +LL xv‘f‘“‘*i °f 5n Lowke, o tle
¢ ladian Ocoonn Howme to e ]-\clus Van\\[
o

C'..rl‘n)u*‘o
S, .\ o&.d > en o historic trade touaa




Sample Result:

;-—\J\ﬁuﬁ.q‘h‘\m‘z QiR
:-790 QAR LN ‘\ﬁ:: *

-

A0 R o

-.\‘\dﬂ. NE ol

EINNE \
couthey L X

e wed s O e IS Seend

) Lovapteny, e, Lnd
A ; ! =
5 Gang o S ool ond
e e :\ém%mwé,?mm o Wi ' Nodunn, \%‘la\::;m\&\\ Sag
3 Ry
)—ﬂ\ﬁ\ﬁv\q‘\‘& J
RS
, émmc\l

C&D&\“Q_I M\Q\Q.Q\\'\m e and \\‘M

Note: left/right color scales do not match.

PAY ) KON T Dy

N cl“-'w\GCfo\c\i v
Ocon . +h

¢

lndia, opfics)
SOu’c‘l«J F\)z&.
Uﬁzeﬁm?h;d Qrio
tle Moit popullly Athqocmhﬂ A
In‘]{ ‘t’i‘\& {"\i{‘l\v\ (_IQV\ Qi .{.L\g

ouw  Hat wet, ond +he

'y a Ulu.tr]; [

T {'1\!; Stutnkh - loes 1t Cou\.ﬂ-r-f B‘Y

a?u‘im Cpu\\qh\i ond
the world FJOW\&LA
euth '-{kt Arabing Sea
%a? of Bawsal
],:\,é o Cd:yt\'m{ °F -’-,Sﬂ- kl}ohgms_ |
Polti o, 4o g west o Chive ,Nefa\‘l

:xodrfk)‘ ond Bausladesh on) 8o, Images courtesy
N T A Gy o¢ Sai La of canceled
M.mlcilvc_-, e die Octonn. Houd ICDAR Word
Coilisatiog aud o YCNREPRERI  Spotting Contest

o Hhe wast ludis

\
SRR ord




Match Confirmation

e Model matches ink, ighores noise/context
— Will match and to Alexandria: @%é
— Will match bird to bind: by
 Whitespace not considered in model
* Expedient heuristic: Confirm top hlts by
reverse match it Sissmad
— Build model of target area & match to query

— Match energy is greater of the two directions
(scaled by number of nodes)




Experimental Data Sets

George Washington (GW20)

20 pages; 4685 words
English cursive script
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Methodology

Used train/test split from Frinken et al. [PamI12]
Each non-stopword in training set is a query

— Some appear multiple times in training set

— Run retrieval on all instances & take high scores
Reverse match uses segmented words

Recall-Precision curves averaged for all queries
— Threshold may vary from query to query
— Cross-query calibration still requires research
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George Washington
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Notes:
* 93.4% Average Precision
[84% is prior best]
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e 78.9% Precision at 100% Recall
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Notes:
» 88.2% Average Precision
[94% is prior best]
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Precision

0.5}

Parzival

4 )

Notes:
» 88.2% Average Precision
[94% is prior best]
* 68.4% Precision at 100% Recall

Not bad for such a simple model!

 No learning...

 No language model...
...different yet still good.




Caveat Lector

e Some dependence on handwriting style
— Intrinsic letter forms can vary

— Cross-style spotting requires more research

e Limited invariance to scale & rotation
— Match model scale to text in document
— Correct skew/rotation prior to spotting

e Speed not yet real-time for large collections

— Roughly 2 Mpixel/second for most words



Part-Structured Promise

Powerful matching/retrieval tool

— Part models could be more complex

Requires no training, language modeling, etc.

— Easily applied to new languages, figures, etc.

Intuitive pixel-level correspondences

— Starting point for further processing?

Reference code on my web page

— | welcome opportunities to collaborate!

http://cs.smith.edu/~nhowe/research/code/



http://cs.smith.edu/~nhowe/research/code/

Thank You




© Nicholas R. Howe, Smith College



Rare Words

e Performs well with single training examples
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# All three
: instances in
target set

Singleton
training
example

rank at top
of retrieval
list

GW20: 25.4% of queries are singletons =» 60.2% precision at full recall
Parzival: 31.8% of queries are singleton = 69.5% precision at full recall



Building PSM from Image

1. Find skeleton



Building PSM from Image

1. Find skeleton

2. Select endpoints &
junctions



Building PSM from Image

1. Find skeleton

2. Select endpoints &
junctions

3. Add points chosen 2r
from included points



Building PSM from Image

. Find skeleton

. Select endpoints &
junctions

. Add points chosen 2r
from included points

. Additional points to fill
remaining gaps



Building PSM from Image

. Find skeleton

. Select endpoints &
junctions

. Add points chosen 2r
from included points

. Additional points to fill
remaining gaps

. Form tree by greedily
connecting closest pairs



Online vs. Offline Models

 Online query allows e Offline query must use
model structure to ad hoc model structure
follow actual stroke

Lokbroll drhbroll




Some Matches




Caveat Lector f,awj

e Some dependence on handwriting style % Q)

— Intrinsic letter forms can vary Q)CLWVJ

— Cross-style spotting requires more research / ”‘*”’7’
" %

3
e Limited invariance to scale & rotation
— Match model scale to text in document

— Correct skew/rotation prior to spotting

e Speed not yet real-time for large collections
— Roughly 2-3 Mpixel/second for most words



	Part-Structured Inkball Models for �One-Shot Handwritten Word Spotting
	Word Spotting (by Example)
	Word Spotting (by Example)
	Word Spotting (by Example)
	Word Spotting (by Example)
	One-Shot Learning
	One-Shot Learning
	One-Shot Learning
	Part-Structured Models
	Part-Structured Models
	Inkball Models
	Inkball Models
	Part-Structured Inkball Models for �One-Shot Handwritten Word Spotting
	Configurations
	Configuration Energy
	Configuration Energy
	One-Shot Word Spotting
	Efficient Energy Minimization
	Efficient Energy Minimization
	Efficient Energy Minimization
	Efficient Energy Minimization
	Efficient Energy Minimization
	Efficient Energy Minimization
	Efficient Energy Minimization
	Efficient Energy Minimization
	Efficient Energy Minimization
	Efficient Energy Minimization
	Efficient Energy Minimization
	Efficient Energy Minimization
	Efficient Energy Minimization
	(Squared) Distance Transform
	Generalized Distance Transform
	Efficient Energy Minimization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Model Matching Visualization
	Parallel GDT
	Configuration Recovery
	Configuration Recovery
	Sample Result:  Query = democracy
	Sample Result:  Query = democracy
	Sample Result:  Query = democracy
	Match Confirmation
	Experimental Data Sets
	Methodology
	George Washington
	George Washington
	Parzival
	Parzival
	Parzival
	Caveat Lector
	Part-Structured Promise
	Thank You
	Slide Number 77
	Rare Words
	Building PSM from Image
	Building PSM from Image
	Building PSM from Image
	Building PSM from Image
	Building PSM from Image
	Online vs. Offline Models
	Some Matches
	Caveat Lector

